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Abstract
The SeaWinds on QuikScat and ERS-1/2 scatterometers
measure the radar response of the Earth’s surface with
high spatial- and temporal-resolution. The data collected
by these space-borne active-microwave sensors are used
to detect periods of surface melting in the Antarctic ice-
shelves. A description of a statistical melt-detection al-
gorithm is given and the results are shown and compared
to other melt-detection methods.
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INTRODUCTION
Accurate measurements of key characteristics of the po-
lar ice-shelves are important to our understanding of the
earth’s climate. The extreme physical conditions of the
polar regions make it very challenging and dangerous for
humans to make these observations on site. Satellites
provide a way to observe the entire earth without endan-
gering lives and without using earth-bound weather sta-
tions.
Scatterometers are space-borne instruments that
transmit pulses of microwave electromagnetic energy
and measure the power reflected back to the sensor by
the Earth’s surface. This backscatter (   ) is heavily de-
pendent upon how much liquid water is present on the
surface. These measurements are particularly sensitive
to the water content of the illuminated surface. Also,
backscatter signatures observed from illuminating snow-
covered ice and liquid water are markedly different.

As
the amount of liquid water in the snow cover increases,
the wet snow at the surface causes a dramatic decrease
in the radar backscatter. & These changes in backscatter
are used in an algorithm to determine the physical state
of the surface of Antarctic ice-shelves. This algorithm is
described in the next two sections.
Three different scatterometers are used in the study
presented in this report. ERS 1 and ERS 2 were identical
instruments that operated in C-band (5.3 GHz). Their
missions provide data from 1992 to 2000. The Sea-
Winds on QuikScat scatterometer operates in Ku-band
(13.6 GHz) and provides data from 1999 to present. The
ERS sensors were on polar orbiting satellites that pro-
vided complete coverage of the polar regions every six
days. The QuikScat instrument is able to completely
cover the polar regions each day. Additionally, QuikScat
measures the backscatter for both horizontal and vertical
polarizations,   and   , respectively. ERS was only
vertically polarized and provides measurements with sig-
nificantly less resolution.
Many studies have been conducted using space-
borne passive-microwave sensors to detect the surface
melt of Arctic sea-ice. ')(+* However, the use of scat-
terometers in such studies is relatively limited , and their
use in detecting surface melt in the Antarctic is even
more limited.
Passive-microwave sensors record brightness tem-
perature measurements,
	
. Several algorithms have
been implemented on passive-microwave data to map
snowmelt-onset dates on Arctic sea-ice. , A similar al-
gorithm is used in this paper in order to validate the
melt detection results from the scatterometer measure-
ments. The SSM/I passive-microwave sensor is on-
board one of the Defense Meteorological Satellite Pro-
gram (DMSP) satellites and provides observations at four
frequencies: dual-polarization at 19.35, 37.0, and 85.5
GHz, and ‘v-pol’ at 22.235 GHz. High-resolution im-
ages of the measurements from QuikScat and the SSM/I
sensors produced using the Scatterometer Image Recon-
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struction (SIR) algorithm   are used in the analysis pre-
sented.
An initial algorithm for determining a backscatter
threshold to use for melt detection is presented. This
is shown to be inadequate. A maximum likelihood
(ML) approach is then taken to determine daily ice-
state classifications from the scatterometer backscatter
measurements. These ice-state estimates are strongly
correlated with the melt-detection results from passive-
microwave data and give added insight due to the higher
spatial-resolution and increased sensitivity achieved by
the active-microwave scatterometer instruments.
INITIAL THRESHOLD DETECTION
Ideally, a natural threshold would exist that determines a
melting event. In order to discover if this threshold ex-
ists the following method is used. First, for each year
spanned by the available data the mean winter backscat-
ter value for each location is computed. Then, each day
during the non-winter months that the backscatter value
drops below the winter mean value by more than the
threshold is counted as a melt event for the given loca-
tion. The number of total melt events during each year is
multiplied by the spatial resolution of the sensor to cal-
culate the cumulative melt area. This process is repeated
for various threshold values. To constrain the analysis to
the ice-shelves only, a spatial mask is applied to the data.
Figure 1 shows the regions that are used in the algorithm.
Sea-ice and high-elevation areas are excluded.
Figure 1: The valid region for the melt detection algo-
rithm. Locations above 2000m in elevation are excluded.
It is assumed no melting occurs there. Sea-ice is ex-
cluded due to its changing daily location.
This method is applied to the ERS-1/2    and
QuikScat   datasets. For the ERS sensors, the thresh-
old is varied from 0.25 dB to 6.0 dB. The thresholds for
the QuikScat data range from 1.0 dB to 6.0 dB. Figures 2
and 3 show the results of the melt detection. The amount
of melt is consistent between the two sensors, but no nat-
ural threshold appears. Even though the amount of de-
tected melt is similar for thresholds between 3 dB and 6
dB, there is still too large of a discrepancy to confidently
select one of these thresholds to use in a melt-detection
algorithm.
Figure 2: Cumulative melt-area vs. threshold for the
ERS-1/2 missions. The exponential curve suggests that
no reliable natural threshold exists for use in melt detec-
tion.
Figure 3: Cumulative melt-area vs. threshold for
QuikScat data. These results are consistent with the ERS
results and yield no ideal threshold value.
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MAXIMUM LIKELIHOOD DETECTION
The simple algorithm previously presented used only one
backscatter polarization for each sensor. This is all the
data available from ERS-1/2, so a significant improve-
ment in melt-detection using such measurements can not
be expected. The QuikScat scatterometer, however, mea-
sures dual-polarization backscatter (    and    ). These
values are very correlated but do exhibit different sensi-
tivities to the presence of liquid water. This additional
information leads to the improved melt-detection algo-
rithm presented in this section.
For QuikScat the v-pol backscatter response tends to
be less reactive to changing water content than the h-pol
response. This difference in sensitivity is accentuated by
using the ‘quasi’ polarization ratio (  ) defined by
 
 


 

 (1)
where the values are in dB. This is not a true polarization
ratio since the two polarizations are at different incidence
angles. The h-pol beam is at a nominal incidence angle
of 
	

while the v-pol beam is at 


. The   value
is generally  2dB below the typical    measurement.
The time-series of the h-pol and

values from a
selected point on the Shackleton Ice-shelf is shown in
Figure 4. Observing these values from 1999 through
2003 reveals that during each Austral summer the 
actually becomes positive due to the greater sensitivity
of the h-pol measurements to liquid water in the ice-shelf
surface snowcover. This time-series is typical of most ar-
eas that experience surface melting while the backscatter
values for locations with no melt events are nearly con-
stant.
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Figure 4:   and

time-series for a selected point on
the Shackleton Ice-shelf. During each year contiguous
periods of alternating melt and non-melt are identified.
Each period’s mean and covariance are found empirically
and used in maximum likelihood estimations of the daily
ice-states.
Figure 5 contains scatterplots for each year of    vs.

for this same location. Note the high concentration
of values around the point (-15dB,-2dB) in each plot and
the loose grouping of the remaining points. This suggests
that the backscatter and

observations may be mod-
eled as random variables with some mean and covari-
ance. An explanation of the method used to compute the
distributions of these random variables is presented. Af-
terwhich the procedure for estimating the physical state
of the local surface-ice for each day is discussed.
Figure 5: Yearly scatterplots of   vs. PR for Shackelton
Ice-shelf location.
Ice-state Distribution Estimations
To observe the intra- and inter-shelf radar response char-
acteristics 25 study points are selected from each of the
major ice-shelves (Figure 6). It is assumed that the
backscatter and  values are jointly gaussian for solid
ice or liquid water. Figure 4 also indicates the periods
used to empirically calculate the mean and covariance for
each year’s melting and non-melting conditions. These
values completely specify the gaussian distribution gov-
erning the proposed model.
Figure 7 shows the resulting 1-   contours for each
year’s melt and non-melt periods. These contours match
well with the groupings of values on the scatterplot in
Figure 5. It is important to note that the distributions
do not change significantly from year to year for this
location. Most of the other selected study points also
exhibit this behavior. Figure 8 shows the distributions
for this location using all values from a neighborhood
of radius 20km. The distribution changes very little by
including the measurements from the surrounding area.
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Figure 6: The 25 selected study points over Antarctic ice-
shelves.
These results, coupled with observing the distributions of
the other selected study points, indicate that the non-melt
and melt distributions are approximately temporally- and
spatially-invariant within a given ice-shelf. In general,
this invariance property does not hold for locations near
ice-shelf boundaries.
Figure 7: Yearly bivariate normal distribution 1-   covari-
ance contours for study point 23. The mean values for
each period are indicated by an ‘x’ or a dot at the middle
of the respective contour.
Figure 8: Yearly distribution contours for a 9-pixel
(20km) radius neighborhood of study point 23.
ML Estimation of Ice-states
To use the maximum likelihood method to select the
daily ice-state for each location the binary hypothesis test
is formed
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where
 denotes the conditions for no surface melting
and


represents the presence of surface melt.

is a
two-element vector in the space spanned by the possible
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,
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 and  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is the basis for the maximum likelihood test, where
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is the loss associated with choosing ice-state  when the
true state of nature is  , and

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is the prior proba-
bility that ice-state  is the true situation. The maximum
likelihood approach assumes no ffflfiffi "! ffi  information so
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This maximum likelihood test is performed for each
of the 25 study points over the span of the entire data set.
For each year the respective mean @ and covariance 	 @
are used in the estimation. Figure 9 shows the resulting
maximum likelihood estimates of the ice-state for each
day at the same location as in the previous figures.
Figure 9: Time-series and scatterplot for study point 23
with resulting ML method surface-melt estimates.
This algorithm appears to perform quite well be-
cause it properly determines cases of obvious surface
melt marked by drastically decreasing backscatter val-
ues and positive  values. Some days are selected as
melting events, however, that are not marked by signifi-
cant changes in the time-series values. The results from
a location on the Ross Ice-shelf are given in Figure 10.
The ML method results in no classified melt events. This
is expected since this shelf is extremely stable and rarely
experiences any significant melting. Figure 11 shows the
results for a point on the Fimbul Ice-shelf. This location
experiences substantial melting. Note the unusual behav-
ior of the measurements during 2003. Even though the
backscatter actually increased during the Austral summer
of this year the ML melt-detection method still identifies
many melt events. In order to validate the melt-detection
classifications yielded by the ML approach, data from a
passive-microwave instrument is analyzed.
VALIDATION USING RADIOMETER DATA
Passive-microwave brightness temperature measure-
ments have been used to detect melt on Arctic sea-ice
using the SSM/I sensor. The horizontal range, defined
by    	  -     	    , is used to determine if
a melting event has occurred. , If this value drops be-
Figure 10: Time-series and scatterplot for study point 21
with resulting ML method surface-melt estimates.
Figure 11: Time-series and scatterplot for study point 19
with resulting ML method surface-melt estimates.
low %
 a melt event is counted. Although this method
was only applied to Arctic sea-ice, it is assumed that the
brightness temperatures of Antarctic shelf-ice are also
valid for this application.
The lower portions of Figures 12-14 show the time-
series of available SSM/I data corresponding to the
QuikScat dataset for two locations. Note the similar be-
havior of the measurements from both instruments when
melt is detected by both sensors. Figure 13 reveals that
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for the Ross Ice-shelf location (point 21) the measured
backscatter is nearly constant while the 	 values vary
considerably. Passive-microwave observations are more
subject to changing atmospheric conditions. This may
explain the discrepancy between the two sensors for this
location. The variation in responses between the SSM/I
channels are due to the different operating frequencies
and polarizations. Higher-frequency channels are ef-
fected more by atmospheric opacity.
The results of the

-based melt-detection algo-
rithm are shown in the upper portions of these figures
as dots along the bottom of the plot. For study point 23
the SSM/I measurements result in a significantly higher
number of melt events than for QuikScat. This is re-
versed for study point 19.
Figure 12: Combined results from the ML method for
QuikScat and the  method using SSM/I data for point
23. The

method classifies many days as melt events
that the ML method does not. The

classifications are
indicated at the bottom of the QuikScat time-series as a
single dot for each day of melt.
CONCLUSIONS
The active-microwave scatterometers are less susceptible
to atmospheric interference than their passive-microwave
counterparts. This is a great advantage in determining
the surface characteristics of Antarctic ice-shelves since
much of this region is storm-ridden for most of the year.
It was shown that the initial threshold method was inad-
equate for properly determining melt events on the ice-
shelves. Consequently, the ERS-1/2 datasets appear to
offer less than desirable observations for this application.
The maximum likelihood melt-detection algorithm using
Figure 13: Combined results from the ML method for
QuikScat and the  method using SSM/I data for
point 21. The

method classifies some days as melt
events while QuikScat shows no significant changes in
its backscatter values. No actual melting is expected to
have taken place.
Figure 14: Combined results from the ML method for
QuikScat and the  method using SSM/I data for point
19. In this case the  method classifies fewer days as
melt events than the ML method.
QuikScat dual-polarization measurements was shown to
be a promising method for detecting surface melting.
6
The validation of the QuikScat results consisted of
implementing a passive-microwave method previously
used for Arctic sea-ice melt-detection. Comparing the
two methods reveals that using QuikScat measurements
is very effective in determining the presence of surface
melting on Antarctic ice-shelves. The results are con-
sistent with the SSM/I observations. Additionally, the
backscatter observed by QuikScat is at a much finer res-
olution (2.25km/pixel for SIR images) than the  	 mea-
surements (8.9km/pixel for SIR images). This allows for
more precise observation of spatially-varying surface-
melt. Future work on this subject involves creating maps
of the melt-onset and refreeze dates for each major ice-
shelf.
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